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Abstract—Machine Reading Comprehension (MRC) requires a
machine to answer questions after reading and comprehending the
given documents. Multi-choice MRC is one of the most studied
MRC tasks due to the convenience of evaluation and the diversity of
question types. However, the interpretability of multi-choice MRC,
especially in evidence extraction, remains underexplored because
a correct answer may be derived by eliminating incorrect options
rather than being supported by positive evidence. In this work, we
propose a bidirectional evidence modeling framework, EveMRC,
to enhance the explainability of Multi-choice MRC systems. Com-
pared to previous works, our framework exclusively addresses the
problem of bidirectional evidence selection, which not only selects
positive evidence for the right answer but also selects negative
evidence for wrong answers. The bidirectional evidence can also
facilitate model decisions by incorporating it into a competition
process. To avoid the high annotation cost of bidirectional evidence,
our framework utilizes a novel weakly-supervised pipeline to train
the evidence selector. Experimental results on four multi-choice
MRC datasets demonstrate the effectiveness of our framework,
which not only enhances the explainability of MRC systems but
also improves their overall performance.

Index Terms—Bidirectional evidence extraction, machine read-
ing comprehension, the competition model.

I. INTRODUCTION

MACHINE Reading Comprehension (MRC), which aims
to teach machines to answer questions after reading

given passages, is an important way to test the ability of in-
telligent systems to understand human language. With the help
of many effective architectures [1], [2], [3] and pre-trained
language models [4], [5], [6], reading comprehension systems
are making rapid progress on many challenging datasets [7],
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[8], [9]. However, though current MRC systems could achieve
better performances than humans, they lack explainability and
are consequently prone to adversarial attacks [10], [11], [12].

As the need to build more convincing MRC systems, research
interest in explainability [13], [14] is rapidly growing. Models
are required to expose the underlying mechanisms adopted to
arrive at the final answers, whether by giving knowledge-based
explanations, or by giving operational explanations such as
the execution process of symbolic programs [15]. Many re-
searchers focus on retrieving evidence sentences from passages
as knowledge-based explanations due to their strong explain-
ability even to non-specialists. While it is intuitive to extract
surrounding sentences of answer span as evidence for extractive
MRC tasks like SQuAD [7], it remains a challenge to extract
evidence sentences for multi-choice MRC. On the one hand,
the diversity of question types in multi-choice MRC results
in more complex reasoning chains than other MRC tasks.
Thus it requires the model’s stronger reasoning abilities to
select evidence. On the other hand, the flexibility of answer
formats makes it more challenging in multi-choice MRC to
retrieve evidence labels by manually annotating or heuristic
rules. Consequently, there is a lack of multi-choice MRC datasets
that provide annotated evidence for training. Utilizing unsu-
pervised methods such as attention-based explanation [16] has
gained more attention to provide evidence for multi-choice MRC
systems.

Notably, most evidence selection methods for multi-choice
MRC only focus on extracting evidence sentences for one
predicted answer but ignore other answer candidates. These
methods assume that the model’s prediction is correct. However,
when the model provides an incorrect answer, the corresponding
erroneous evidence might further mislead users’ judgment. We
argue that providing evidence for all answer candidates will
enhance both the explainability and reliability of MRC systems.
There are a few works addressing the evidence selection for
multiple answers by convincing MRC models to choose each
answer candidate [17]. However, previous work ignores the
crucial evidence polarity behind the multiple evidence selection
problem. As shown in Fig. 1, not only the right answer but also
the wrong answers are often semantically related to evidence.
The right answer and the wrong answer may be distinguished,
however, because only the right answer has positive evidence
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Fig. 1. An example from the RACE+ dataset. Not only does the right answer have corresponding evidence, but also wrong answers may have evidence sentences.
Both positive and negative evidence are crucial for improving the explainability and performance of MRC systems.

to support it and there exists negative evidence for each wrong
answer to exclude them. Knowing the reason why answers are
right or wrong provides a much stronger explainability for MRC
systems. We also believe that this kind of bidirectional evidence
can further enhance the MRC system to make more precise
predictions.

To this end, we propose the setting of bidirectional evidence
selection for multi-choice MRC systems. MRC systems are
required to not only predict the right answer but also to generate
evidence for all answer candidates in this setting. We further an-
notate an explainable multi-choice MRC benchmark, RACE−,
with bidirectional evidence for explainability evaluation. To
address the aforementioned limitation of lack of evidence anno-
tation, we propose EveMRC, a two-stage bidirectional evidence
modeling framework for multi-choice reading comprehension
inspired by the Competition Model (see Section II). To extract
bidirectional evidence for both right and wrong answers, we
utilize an erasure-based pseudo-evidence generating method
to train our evidence selector. For each answer candidate, the
evidence selector provides positive evidence to support it and
negative evidence to contradict it. Furthermore, we enhance the
MRC system with selected bidirectional evidence by incorpo-
rating the competition process among the evidence for different
answers and evidence with different polarities.

Our main contributions are as follows:
� We propose a novel setting of bidirectional evidence se-

lection, that captures the practical necessity of not only
explaining why the answer is right but also explaining why
the answer is wrong.

� We propose a two-stage evidence modeling framework
for multi-choice MRC which not only models the bidirec-
tional evidence but also models the competitive correlation
among evidence.

� We conduct thorough experiments on four MRC datasets
and the experimental results show that our framework not
only provides stronger explainability but also improves the
performance of MRC systems.

Fig. 2. Comparison between our proposed two-stage framework and previous
works.

II. THE COMPETITION MODEL

The Competition Model is a psycholinguistic theory [18],
[19], [20] which focuses on the competition process of sentence
processing and language acquisition. It argues that humans un-
derstand a sentence by first searching for linguistic cues, such as
word order, morphology, and semantic characteristics, to support
each possible interpretation, eventually choosing the interpreta-
tion with the highest likelihood. Thus sentence processing can
be viewed as a choice among different interpretations supported
by different linguistic cues.

Inspired by the Competition Model, we argue that the human
cognitive process of reading comprehension can also be modeled
as a two-stage process: (i) EVIDENCE SELECTION (ii) EVIDENCE

COMPETITION. As shown in Fig. 2(c), we propose an explainable
framework for machine reading comprehension, which builds
a closed loop between MRC systems and two-stage evidence
modeling. In stage 1, we collect evidence for each possible
answer. In stage 2, we conduct evidence competition among
competing answers and their supporting evidence. Stage 1 helps
the MRC model to retrieve relevant information for answering
the question, both positively and negatively. Stage 2 makes
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the answer judgement with supporting evidence, in a manner
analogous to the human cognitive process of the Competition
Model. We compare our framework with other explainable MRC
methods. As shown in Fig. 2(a), pipeline methods [3], [21] first
extract evidence from the passage, then substitute the passage
with evidence for more efficient reading. Parallel methods [17]
in Fig. 2(b) select evidence for each answer independently
which brings strong explainability. However, both the above
two types of methods ignore the evidence polarity as well as
the exploitation of extracted evidence on model performance.

III. RELATED WORK

A. Machine Reading Comprehension

Machine Reading Comprehension is a subtype of question-
answering task that emphasizes the comprehension of the pas-
sage. Depending on the answer type, we can divide existing
reading comprehension tasks into four categories: cloze style,
multiple choice, span prediction, and free-form answer. Many
large-scale MRC datasets [7], [22], [23], [24], [25], especially
multi-choice and span-prediction styles, are proposed to evaluate
the MRC systems. Moreover, with the blooming of powerful
pre-trained language models [5], [6], [26], MRC systems could
surpass human performance on several MRC datasets.

However, it remains a big challenge to expose the underlying
mechanisms adopted to arrive at the final answers. Models are
easily attacked by simple input perturbations [10], [12], [27]
and thus are unable to meet the requirements for real-world
applications, such as user trust, confidence and acceptance [15],
[28]. Many works have been proposed to address the explain-
ability problem of MRC systems. On the one hand, researchers
build benchmarks with additional labeled explanation data for
evaluating explainable MRC systems. On the other hand, many
explanation methods have been applied to enhance the explain-
ability of MRC systems. We will introduce more details about
these works in the following two subsections.

B. Explainable MRC Datasets

Explainable MRC datasets are those benchmarks that provide
additional explanation annotation of the answering reasoning
process. Most explanations of those datasets are natural language
sentences taken from original passages. While a few datasets
include gold explanations that can be adopted as an additional
training signal for explainable MRC models, more benchmarks
only support the use of quantitative metrics for evaluating the
explainability of MRC systems. For example, HotpotQA [9]
provides sentence-level supporting facts for every question in
both training and testing sets and introduces a leaderboard
for evaluating the explanations. CoQA [25] contains free-form
answers and each answer has a span-based rationale for training
and testing. Instead, ExpMRC [29] annotated several datasets
only for explainability evaluation.

C. Interpretation Methods

Due to the high annotation cost of evidence training labels,
most research on interpreting MRC systems focuses on extract-
ing evidence by unsupervised or weakly-supervised methods.

One of the most typical unsupervised interpretation methods is
attention-based explanation. There are many discussions about
whether attention is explainable. Some researchers argue that
attention does not necessarily correspond to the importance and
may not be an optimal method to identify the attribution for an
output [30], [31]. On the contrary, there are some researchers
who hold positive attitudes [32], [33]. While there is no con-
sensus about this topic, attention-based interpretation methods
are still important baselines for many works. Apart from the
attention mechanism, some works also seek to utilize other
explainable modules for providing the explanation. For example,
Moon et al. [34] proposes a Memory Graph Network to enable
dynamic expansion of memory slots through graph traversals to
improve the explainability of question answering systems. Cui
et al. [35] proposes a Recursive Dynamic Gating mechanism that
provides explanations through observing gating values. Unfor-
tunately, it is nearly impossible to extract bidirectional evidence
through the above self-explainable mechanisms. On the one
hand, the absolute value of modular weights only represents the
relevance rather than the polarity of the given evidence. On the
other hand, it is impractical to associate evidence polarity with
the numerical sign of modular weights due to its multi-aspect
randomness such as model architecture.

Building upon evidence selection, many studies have further
explored the use of selected evidence to support MRC sys-
tems. Min et al. [21] employs a sentence selector to extract
evidence sentences, replacing the original passage for efficient
reading comprehension. Wu et al. [36] masks out non-evidence
sentences and utilizes attention scores to generate answers.
Lin et al. [37] first trains a self-attention layer for evidence
selection on top of the MRC system using supervision sig-
nals, further integrating the evidence attention with the original
passage’s self-attention to predict the final answer. However,
these approaches predominantly rely on supervised data to train
their explainers and overlook bidirectional evidence, focusing
solely on selecting positive evidence to assist MRC systems.
In contrast, we propose to adopt erasure-based methods [38],
[39], [40] to derive attributions as pseudo labels for training
our explainer. Furthermore, we investigate the polarity of output
attributions to generate bidirectional evidence pseudo labels. By
leveraging these pseudo labels to train our explainer, we achieve
both performance improvement and stronger interpretability for
MRC systems.

D. Explanation of Large Language Models

Large language models (LLMs) can achieve impressive per-
formance on many new tasks by incorporating numerous in-
context examples in their prompts [41]. Additionally, enhanc-
ing these examples with explanations can further improve the
reasoning capabilities of LLMs across various tasks. For ex-
ample, Chain-of-Thought (CoT) [42], [43] prompting provides
intermediate reasoning steps as explanations in prompts, helping
LLMs achieve state-of-the-art results in arithmetic, symbolic,
and common-sense reasoning tasks. Besides, CoT methods have
also been used to explain LLM answers to multiple-choice
questions [44]. Lampinen et al. [45] further investigate the
different impacts of pre- and post-answer explanations on model
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reasoning abilities. Auto-CoT [46] replaced human-annotated
CoT prompting by automatically generating explanations and
clustering demonstrations through LLMs. Moreover, prompting
LLMs to generate explanations before producing answers [47],
[48] can enable LLMs to reason with a two-stage explain-then-
answer paradigm.

However, most aforementioned works on LLM explanations
have limited relevance to smaller models. Some research [49],
[50] focuses on using explanation data generated by LLMs to en-
hance the training of smaller models. Another related work [51]
involves using post-hoc explanations from smaller models to
construct in-context prompts for LLMs. We believe that smaller
models can also effectively assist LLMs in reasoning. We ex-
perimented with using a small model to perform bidirectional
evidence extraction as explanations during the reasoning pro-
cess, which are then fed to the LLM for generating the final
answer. Experimental results demonstrate that our framework
can effectively leverage the evidence extracted by the small
model to enhance the zero-shot reasoning capabilities of the
LLM.

Recently it has been demonstrated that CoT reasoning may not
be an accurate description of the reasons underlying an LLM’s
answer to a question [52]. The EveMRC model, by contrast, is
explainable by design, and the explanations that it provides are
therefore guaranteed to be relevant to the decision computed by
the model. This is a desirable characteristic that may be difficult
to achieve using LLMs.

IV. METHODS

A. Task Definition and System Overview

The task of multi-choice machine reading comprehension
can be formalized as follows: given a reference passage P =
{s1, s2, . . ., slp} composed of lp sentences and a question Q,
the model should select the right answer from the answer list
A = {a1, a2, . . ., ak} with k answers (e.g., k = 4) which can be
formalized as:

â = argmaxa∈A P (a|P,Q).

Besides, most explainable MRC datasets only require the
model to provide the evidence set composed of a few sentences to
support the right answer. The right answer and the corresponding
evidence set are denoted by ar and Er, respectively.

We propose the setting of bidirectional evidence selection in
the background of multi-choice MRC. For each answer aj in the
answer listA, the model is supposed to generate the correspond-
ing evidence Ej . We define the evidence Ej which supports
the answer aj as positive evidence, the evidence Ej which
contradicts the answer aj as negative evidence. The evidence
Ej can be either a few sentences or empty due to the fact that
wrong answers do not always have negative evidence. Thus the
model needs to provide the evidence set E = {E1,E2, . . .,Ek}
for each question.

The overview of our framework is shown in Fig. 3. Due to
the lack of evidence labels in most MRC datasets especially
for bidirectional evidence, we explore the weakly supervised
methods for evidence selection. More specifically, we first train

Fig. 3. Overview of our framework. We first train the MRC model with dataset
D and generate pseudo-evidence label E′ to train the Evidence Selector. The
evidence E generated by the Evidence Selector will be taken as inputs by the
Evidence Competitor both in training and inference.

Fig. 4. Commonly used framework for multi-choice MRC. CE means Cross
Entropy.

the MRC model with the Multi-choice dataset D and generate
pseudo-evidence label E′ with the probing from the trained
MRC model (see Section IV-B). We will discuss more details
about pseudo-evidence in Section IV-C. Furthermore, the trained
Evidence Selector will give the evidential score e(si, aj) for
the sentence-answer pair (si, aj) and generate evidence E after
traversing over all pairs (see Section IV-D). The evidence E will
be taken as inputs by the Evidence Competitor both in training
and inference. Finally, the answer probability from the MRC
model and Evidence Competitor pA, p′A will be combined to get
the final prediction in inference (see Section IV-E).

B. MRC Model With BCE Loss

The widely used framework for multi-choice MRC is shown
in Fig. 4. Each answer in the answer list A = {a1, a2, . . ., ak}
is concatenated with the passage P and question Q, resulting
in k sequences. The model inputs k sequences separately, and
outputs the logits L = {l1, l2, . . ., lk}. Then the cross-entropy
loss over the answer probability distribution p = softmax(L) is
adopted to train the model: LCE = −log(pr), where r denotes
the index of the right answer.

However, we believe that the above framework is not suitable
as the MRC Model to generate the bidirectional pseudo-evidence
label. We came to the conclusion based on the following two
observations:
� The output probability pi of answer ai will be disturbed by

other answers.

Authorized licensed use limited to: Shanghai Jiaotong University. Downloaded on March 12,2025 at 03:30:26 UTC from IEEE Xplore.  Restrictions apply. 



XU et al.: EveMRC: TWO-STAGE BIDIRECTIONAL EVIDENCE MODELING FOR MULTI-CHOICE MACHINE READING COMPREHENSION 1015

� The output logit li might be relevant to the interaction not
only between the passageP and answer ai but also between
the passage P and question Q.

Concretely, assume that we mask one sentence s of the
passage P to get the perturbed passage P̂, the logits and the
probability distribution from the trained model will change from
L, p to L̂, p̂, respectively. The value change is denoted by ΔL,
Δp, respectively. If the sentence s is only related to answer a1,
the logit l1 will decrease and the other logits remain unchanged.
However, due to the softmax function, the probabilities for other
answers will increase though only a1 relates to the sentence.

Due to the fact that the logits are trained with CE loss after
softmax, the logit li for each answer might contain the same bias
eliminated by softmax. We simplify the logit li as follows:

li = f(P,Q, ai)

≈ f1(P,Q) + f2(P, ai), (1)

where f, f1, f2 represents the interaction function among the
inputs learned by neural networks. For the well-trained MRC
models, the output logit li can be conceptualized as the learned
interaction functions between the input passage P, the question
Q, and the answer ai. Additionally, it can be simplified to con-
sider that the neural network learns the interaction function f1
between the input passage P, the question Q, and the interaction
functionf2 between variables the input passageP and the answer
ai, in order to generate the output logit li.

Then the logit change Δli can be formalized as:

Δli = li(P̂,Q, ai)− li(P,Q, ai)

= f1(P̂,Q)− f1(P,Q)

+ f2(P̂, ai)− f2(P, ai). (2)

Thus the logit change will suffer from the disturbance of in-
teraction between passage P and question Q. When we mask
out a sentence in the passage, we aim for the logit change
to reflect the correlation between the masked sentence and
the answer, rather than reflecting the correlation between the
masked sentence and the question. This enables us to identify
the evidence corresponding to each answer.

Instead, we train our model with binary cross-entropy loss to
address the above two limitations. As shown in Fig. 5, the model
inputs each sequence and judges each answer separately. Then
the output logit li of answer ai is passed to the sigmoid function:
pi = sigmoid(li), and the final loss for each example is:

LBCE = −
k∑

i=1

[1ar
(ai)log(pi) + 1ar

(ai)log(1− pi)],

where 1ar
(ai) = 1 if ai = ar else 0, k denotes the number of

answers, ar denotes the right answer.

C. Generating Pseudo-Evidence Label

Over the past years, many approaches have been explored
to interpret the MRC models where the attention-based meth-
ods [1], [53] are frequently used. However, it’s almost im-
possible to determine the polarity of evidence generated by

Fig. 5. The framework to train the MRC model and two model-agnostic
methods to generate pseudo-evidence labels. e(i,2) represents the evidential
score between the i-th answer and the sentence s2. (e(i,2) = li − l(i,2) in
leave-one-out; e(i,2) = l(i,2) in pick-one-out.).

self-explainable mechanisms. In this work, we mainly focus on
model-agnostic methods [54], [55]. The model-agnostic meth-
ods generate evidence solely based on model predictions and are
applicable to any black-box models.

We mainly introduce two model-agnostic methods in this
paper. The first one is the erasure-based method which obtains
an input subset’s attribution by calculating the output change
when erasing the subset. Following previous works [38], [40],
we use the leave-one-out method to perform erasure and generate
pseudo-evidence labels. The second one is a pickout-based
method. By feeding input sentences into the MRC model sep-
arately [17], [56], we can calculate the probability that each
sentence leads to or contradicts each answer.

As shown in Fig. 5, given the passage P = {s1, s2, . . ., slp}
with lp sentences, the model outputs the logit li for answer ai
when taking the full passage as inputs. For the leave-one-out
method, when we erase the sentence s2 and retain other sen-
tences as inputs, the output logit is denoted by l(i,2). Thus,
the attribution of sentence s2 to answer ai can be calculated
by subtracting l(i,2) from li, i.e., e(i,2) = li − l(i,2). For the
pick-one-out method, the model only takes a single sentence
s2 as input and then outputs the logit, which can be viewed as
the attribution between sentence s2 and answer ai directly.

After getting the attributions for all sentence-answer pairs, we
sample the pseudo-evidence label for each example separately.
The positive evidence from the right answer ai can be sampled
as:

(s′+, a+) = argmax
sj

∈ P, ai = are(i,j).

Due to the fact that negative evidence leads to a decrease
in answer probability, we sample one negative evidence from
wrong answers as:

(s′−, a−) = argmin
sj

∈ P, ai ∈ A−e(i,j),

where A− denotes the set of wrong answers. Besides, we ran-
domly sample one neutral sentence-answer pair (s′n, an) as the
neutral evidence.
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Fig. 6. The framework of Evidence Competition. The MRC model takes
the full passage as input while the evidence competitor takes the bidirectional
evidence instead. si+, si− represent the positive and negative evidence for answer
ai, respectively.

D. Evidence Selection

Given the pseudo-evidence label, we train the evidence se-
lector to select evidence for each answer independently. We
first construct the input sequence by concatenating sentence
sj , question Q and answer ai. Then the input sequence is
passed to a pre-trained encoder (e.g., BERT) to obtain the output
embedding of the [CLS] token, which is finally passed to a
linear layer for classification. We train two types of evidence
selectors: unidirectional and bidirectional. The unidirectional
selector adopts the positive sentence-answer pair (s′+, a+) and
the neutral pair for training a binary classifier. The bidirectional
selector adopts the positive, negative, and neutral pairs for train-
ing a three-class classifier. Both of the two selectors are trained
by the pseudo-evidence label from the leave-one-out method.

E. Evidence Competition

The Competition Model suggests two types of evidence com-
petition: (i) the competition between the positive and negative
evidence of the answer, and (ii) the competition among evidence
for all answers. To implement this, we search potential positive
and negative evidence sentences for each answer. The output
logits from the evidence selector which represent the positive,
neutral, and negative evidential score of sentence sj to answer
ai are denoted by e+(sj , ai), en(sj , ai) and e−(sj , ai), respec-
tively. Thus the positive and negative evidence of answer ai can
be obtained as follows:

si+ = argmax
sj

∈ Pe+(sj , ai),

si− = argmax
sj

∈ Pe−(sj , ai).

After we obtain positive and negative evidence for all answers,
the evidence competitor will use the evidence set rather than
the full passage as input. As shown in Fig. 6, the framework
of evidence competitor is similar to the MRC model. Instead,
each answer ai is concatenated with its positive evidence si+ and
negative evidence si− rather than the full passage. The evidence
competitor is also required to predict the right answer ar in
training. For inference, the probability from the M RC model
and the evidence competitor will be combined to get the final

prediction, formally as:

p = αp′A + (1− α)pA,

Where α indicates the combination ratio between the answer
probabilities generated by the MRC model and the evidence
competitor. A higher alpha value suggests a greater reliance
on the judgment from the evidence competitor rather than the
MRC model. Given that the evidence may encompass inherent
noise, the utilization of alpha serves the purpose of considering
the original output of the MRC model, thereby mitigating the
negative influence of evidence noise.

V. EXPERIMENTS

To evaluate the performance of our methods on bidirectional
evidence selection and demonstrate the effectiveness of evidence
competition, we conduct experiments on four multi-choice MRC
datasets/benchmarks (see Section V-A). In Section V-C, we
first evaluate the positive and negative evidence quantitatively,
then report the improvement on answer accuracy by evidence
competition. Finally, we will discuss the importance of negative
evidence in Section V-D by presenting some cases.

A. Datasets

1) Multiple-Choice MRC: RACE [24]: RACE is collected
from the English exams for middle and high school Chinese
students, which consists of 27,933 passages and 97,687 ques-
tions.

DREAM [57]: DREAM is a dialogue-based dataset collected
from English examinations, which contains 10,197 questions
with 6,444 dialogues.

2) Explainable Multiple-Choice MRC: ExpMRC [29]:
ExpMRC is an explainability evaluation benchmark. We use
the multi-choice subsets: RACE+ and C3 for evaluation and
corresponding datasets: RACE and C3 [58] for training. RACE+

and C3 contain 1,125 English questions and 1,005 Chinese
questions with positive evidence, respectively.

3) RACE−: To evaluate negative evidence, we propose
RACE−, a RACE-style testbed annotated with bidirectional
evidence. To reduce the annotation cost, we choose the RACE+

for re-annotation due to the fact that it already filters the invalid
questions and annotates positive evidence. Based on the publicly
available development set of RACE+, the authors of this paper
annotated the negative evidence. Specifically, given the passage,
question, and answer list with the golden answer, we try to
copy-and-paste a few sentences as the negative evidence for each
wrong answer. The negative evidence is required to be selected
as a sufficient condition to exclude the wrong answer, which
could also be empty. The dataset statistics are shown in Table II.

B. Experimental Details

To evaluate our methods, we use two pre-trained language
models: BERTbase [5] and ALBERTxxlarge_v2 [5] of which
the implementation is based on the Transformers.1 The MRC

1 https://github.com/huggingface/transformers
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TABLE I
EXPERIMENTAL RESULTS ON RACE+ DATASET

TABLE II
DATASET STATISTICS OF RACE−

TABLE III
HYPERPARAMETERS OF TRAINING

model, evidence selector, and evidence competitor all employ a
pre-trained language model as the encoder, and a single-layer
linear network as the output layer. For each example in all
datasets, we sample one pseudo-evidence for negative, positive,
and neutral examples separately to train the evidence selector.
The evidence competitor takes the top 3 and 1 sentence as
evidence for RACE and DREAM, respectively. We search for
the best coefficient α between 0.1 and 0.5 on the development
set. We use AdamW [59] optimizer with β1 = 0.9, β2 = 0.999
and without weight decay. The training hyperparameters are
shown in Table III. We search for the best weighting coefficient
of probability combination on the dev set which ranges from
0.1 to 0.5 with 0.1 as the interval. For the MRC model with
BCE loss, we simply prepare the features as normal MRC and
compute loss for each answer separately with BCE, which means
we adopt the same hyperparameters to train the BCE and CE
MRC models. We follow the experimental settings from the
leaderboards and corresponding papers. If there is no relevant
information, we train the model three times and pick the model

with the best accuracy on the dev set. We use 4 NVIDIA 2080Ti
for the experiments with BERTbase and 4 NVIDIA A10 for
ALBERTxxlarge.

C. Main Results

1) Positive Evidence Selection: To evaluate the positive evi-
dence, we first submit our system to the leaderboard of ExpMRC
which achieves the best results on two multi-choice MRC
test sets. The submitted system consists of an MRC model,
a unidirectional evidence selector, and an evidence competi-
tor, which simultaneously selects evidence and answers the
question. ExpMRC uses F1 score and accuracy to evaluate
the evidence and answer, respectively. As shown in Table I,
our system achieves significant improvement over the same
base-level baselines on evidence selection (+10.9 F1, +7.4 F1
for RACE+ and C3 respectively). Although we did not submit
the results based on the large-level models, our methods with
PLM-base also improve the performance of evidence selection
substantially over large-level baselines (+10.3 F1, +5.2 F1 for
RACE+ and C3 respectively).

Considering that the above results of evidence selection will
be influenced by answer accuracy, we further select evidence for
the golden answer and report the results on RACE+. Moreover,
due to the fact that evidence in RACE+ is a set of sentences,
we adopt precision@k and recall@k as the additional metrics,
which represent the precision and recall of the generated ev-
idence labels, respectively, when k sentences are predicted as
evidence.

As shown in Table IV, our unidirectional evidence selector
achieves the best results on all metrics. The bidirectional selector
performs worse than the unidirectional one which is probably
caused by the introduction of noise by negative pseudo-evidence
labels. Nevertheless, our two selectors both surpass the baselines
by a large margin on the recall scores. It can be inferred that the
sentence-level metrics provide a different view to evaluate the
evidence.

2) Negative Evidence Selection: Due to the fact that negative
evidence of wrong answers might not exist, the problem of neg-
ative evidence selection is analogous to question answering with
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TABLE IV
POSITIVE EVIDENCE EVALUATION WITH GOLDEN OPTION ON THE

DEVELOPMENT SET OF RACE+

TABLE V
BIDIRECTIONAL EVIDENCE EVALUATION ON RACE−

unanswerable questions [8]. For each wrong answer, models are
required to give negative evidence and abstain from explaining
when it is unavailable. We use the evidential score for all methods
to judge whether to abstain. Concretely, We treat the problem
of negative evidence selection as question answering with unan-
swerable questions such as SQuAD2.0. For the pick-one-out
and leave-one-out methods, we use the evidential score between
the sentences and answers as the explain-or-not probability.
For the evidence selector, we use the output probability of
selected evidence to make the classification. We tune the best
classification threshold separately for each model to maximize
the F1 score as SQuAD2.0.

Table V shows the evaluation result of bidirectional evidence
on RACE−. We evaluate the positive and negative evidence on
right and wrong answers, respectively. The overall results are
averaged over all answers to all questions equally. For both pos-
itive and negative evidence, we use the F1 score as the evaluation
metric which is the same as RACE+. To ensure the fairness of
results, we use the same MRC model for all methods to predict
the answer. The results show that our bidirectional evidence
selector achieves the best result on the F1 score of negative
evidence. The unidirectional evidence selector performs best
on positive evidence but the bidirectional one performs best on
overall results. Furthermore, we observed that when we changed
the base of the unidirectional evidence selector from BERTbase

TABLE VI
COMPARISON BETWEEN ATTENTION-BASED METHODS AND OUR EVIDENCE

SELECTOR

TABLE VII
EXPERIMENTAL RESULTS ON RACE AND DREAM DATASETS

to ALBERTxxlarge, its ability to select negative evidence did
not improve. This is because the unidirectional evidence selector
is trained using positive pseudo labels, which only allows it to
find some negative evidence through semantic relevance. It does
not genuinely learn how to extract negative evidence, thus there
exists an upper limit to its negative evidence score. Switching
to a stronger model does not increase this upper limit.

3) Comparison With Attention-Based Methods: Attention
mechanisms have been frequently used for revealing the pre-
diction process with attended sentences [1]. Thus we adopt the
attention-based methods for comparison. Concretely, we use
different parts of the attention weight matrix as the scoring
method to select evidence sentences. In Table VI, we represent
the passage with p, the concatenation of question and answer
with q, and the concatenation of all the three with a. We use
the cross-attention weights matrix W ∈ R(lp+lq)×(lp+lq) in the
last transformer layer of BERTbase to generate evidence. More
specifically, for the p2q method, we pool the attention scores
with the i-th passage word pi as the key and all the question and
answer words as queries to score each passage word. After we
get the importance score for each passage word, we achieve the
sentence score by pooling the words’ score within the sentence.
The other methods are similar to the p2q method. As shown in
Table VI, our bidirectional evidence selector achieves significant
improvement over all the attention methods on negative evidence
selection. Although the attention-based methods produce com-
petitive results on positive evidence selection, our unidirectional
selector also outperforms it by a large margin.

4) Evidence Competition: We evaluate the effect of evidence
competition on two datasets: RACE and DREAM. Table VII
shows the overall results. The baseline results are taken from
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TABLE VIII
ABLATION STUDY OF EVIDENCE COMPETITION ON RACE

the corresponding leaderboards and papers [40]. All of our
methods are significantly better than the corresponding baselines
with a p-value < 0.05 (t-test). As shown in Table VII, our
methods improve the model performance by +2.0% and +1.1%
for BERTbase and ALBERTxxlarge, which demonstrates that our
method can help both a trivial baseline as well as a competitive
baseline. However, the improvement on RACE is higher than on
DREAM. The reason may be that the average sentence number
of each passage in DREAM is only half of that in RACE so it
will be less helpful for answering the question in DREAM to
locate evidence.

To determine the contribution of positive and negative ev-
idence, we train the evidence competitor that only takes the
positive or negative evidence as inputs for the ablation study.
As shown in Table VIII, the positive evidence gives the main
contribution. It is reasonable due to the fact that only negative
evidence is insufficient to answer the question in most cases.
The bidirectional evidence competition achieves the best results
by further competing between positive and negative evidence.
We also incorporate the results of unidirectional evidence com-
petition which takes the positive evidence from the unidirec-
tional evidence selector for comparison. Unidirectional evidence
competition achieves similar results to bidirectional evidence
competition with the help of more accurate positive evidence
(slightly better on the dev set and slightly worse on the test set).
We attribute this to the bidirectional evidence selector needing
to learn to extract both positive and negative evidence. This dual
learning task leads to a decline in the quality of positive evidence
extraction, offsetting the performance gains brought by nega-
tive evidence. To address this, We trained a positive evidence
selector and a negative evidence selector using positive pseudo
labels and negative pseudo labels, respectively, for extracting
positive and negative evidence. We then use the bidirectional
evidence from two separate evidence selectors for evidence
competition. As shown in the last row of Table VIII, this ap-
proach can result in greater performance improvements, which
further demonstrate the effectiveness of bidirectional evidence
competition.

5) Evidence Competition for LLMs: We further attempted to
enhance the zero-shot reasoning capabilities of large language
models (LLMs) using evidence competition. We chose ALBERT
as the bidirectional evidence selector to extract bidirectional
evidence. This evidence was then used to assist LLMs (Llama
2-chat 7b [60] and Llama 2-chat 13b) in reasoning. This process

TABLE IX
EXPERIMENTAL RESULTS OF EVIDENCE COMPETITION FOR LLMS ON RACE

Fig. 7. Two examples with bidirectional evidence in BERT-RACE. The right
answer and positive evidence are in red, and the wrong answers and negative
evidence are in purple.

is analogous to how humans skim and then closely read an
article. The small model performs an initial read-through of the
document to extract evidence, which is then provided to the
LLMs for a detailed read-through and final answer generation.
As shown in Table IX, our framework significantly enhances
the zero-shot reasoning performance on RACE for both Llama
2-chat 7b and Llama 2-chat 13b. Furthermore, providing bidirec-
tional evidence yields better performance improvements com-
pared to providing unidirectional evidence. All prompts used are
listed in the Appendix. The sampling temperature is set to 0 for
all experiments.

D. Case Study

To further investigate the importance of negative evidence and
the effect of evidence competition, we focus on those examples
in which the BERTbase model failed to give the right answer but
corrected its prediction with evidence competition.

As shown in example 1 of Fig. 7, the right answer ”Lo-
cal food” does not have any positive evidence but each
wrong answer has its corresponding negative evidence. The
BERTbase model chose the wrong answer ”A tourist
guide”, possibly due to the matching similarity between
the ”A tourist guide” with ”English speaking
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guide”. However, our evidence selector successfully deter-
mined the polarity of all negative evidence for each wrong
answer. Then the evidence competitor uses the negative evidence
to exclude all wrong answers and finally arrive at the right
answer.

For example 2 in Fig. 7, both the right answer and wrong
answer have positive evidence to support them. It will be con-
fusing for the model to choose the best answer from the answers
each of which has its own positive evidence. By considering
negative evidence, our method gives the best prediction ”All
the above”. Even if the wrong answer has positive evidence,
it has negative evidence too. The answer with the most positive
evidence and the least negative evidence would be the best
choice.

We came to the conclusion that negative evidence contributes
to answering the question by excluding wrong answers, espe-
cially in those cases where it is hard to retrieve positive evidence
for the right answer or it is hard to distinguish plenty of positive
evidence for all candidate answers.

VI. CONCLUSION

With the emerging research interest in explainable MRC
systems, this paper proposes an explainable MRC framework for
evidence extraction and evidence competition. We propose the
setting of bidirectional evidence selection and tackle the problem
of lacking labeled evidence data by applying weakly supervised
methods. The experimental results show the effectiveness as well
as the strong explainability of our framework. In the future, we
will explore more unsupervised methods to utilize and enhance
the explainability of MRC systems.

APPENDIX

We use the prompt below for the multi-choice MRC task.

TASK DESCRIPTION:
You will be given a passage to read.
After reading the passage, you need to
answer a corresponding question with
four answer options. Determine the
correct answer by choosing A, B, C, or
D, and provide the corresponding letter.

TASK INPUT:
Article:
{article}

Question:
{question}

Options:
{option_text}

TASK OUTPUT:
Answer:
A or B or C or D

We use the prompts below for unidirectional and bidirectional
evidence competition, respectively.

TASK DESCRIPTION:
You will be given a passage to read.
After reading the passage, you need to
answer a corresponding question with
four answer options. The possible evi-
dence of options is also provided. Evi-
dence consists of sentences that support
the option as the correct answer. Note
that some evidence may be irrelevant
to the options, so you should rely on
the passage itself rather than solely on
the evidence to make your final choice.
Finally, based on the passage and evi-
dence, determine the correct answer by
choosing A, B, C, or D, and provide the
corresponding letter.

TASK INPUT:
Article:
{article}

Question:
{question}

Options:
{option_text}

Possible Evidence:
{positive_evidence}

TASK OUTPUT:
Answer:
A or B or C or D

TASK DESCRIPTION:
You will be given a passage to read.
After reading the passage, you need
to answer a corresponding question
with four answer options. The possible
evidence of options is also provided.
Positive evidence consists of sentences
that support the option as the correct
answer, while negative evidence con-
sists of sentences from the passage
that refute the option as the correct
answer. Note that some evidence may be
irrelevant to the options, so you should
rely on the passage itself rather than
solely on the evidence to make your
final choice. Finally, based on the
passage and evidence, determine the
correct answer by choosing A, B, C, or
D, and provide the corresponding letter.
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TASK INPUT:
Article:
{article}

Question:
{question}

Options:
{option_text}

Possible Positive Evidence:
{positive_evidence}

Possible Negative Evidence:
{negative_evidence}

TASK OUTPUT:
Answer:
A or B or C or D
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